Development of a sugar-binding residue prediction system from protein sequences using support vector machine  by Banno, Masaki et al.
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Several  methods  have  been  proposed  for protein–sugar  binding  site prediction  using machine  learning
algorithms.  However,  they  are  not  effective  to learn  various  properties  of binding  site residues  caused
by  various  interactions  between  proteins  and  sugars.  In this  study,  we classiﬁed  sugars  into acidic  and
nonacidic  sugars  and  showed  that their  binding  sites  have  different  amino  acid  occurrence  frequencies.  By
using  this result,  we  developed  sugar-binding  residue  predictors  dedicated  to  the  two  classes  of  sugars:  an
acid  sugar  binding  predictor  and  a nonacidic  sugar  binding  predictor.  We  also  developed  a  combination
predictor  which  combines  the  results  of  the two predictors.  We  showed  that  when  a sugar  is known
to  be an  acidic  sugar,  the acidic  sugar  binding  predictor  achieves  the  best performance,  and  showed
that  when  a sugar  is  known  to  be  a nonacidic  sugar  or is  not  known  to  be either  of  the  two  classes,  the
combination  predictor  achieves  the  best  performance.  Our  method  uses  only  amino  acid sequences  forachine learning prediction.  Support  vector  machine  was used  as a machine  learning  algorithm  and  the  position-speciﬁc
scoring matrix  created  by the position-speciﬁc  iterative  basic  local  alignment  search  tool  was  used  as
the feature  vector.  We  evaluated  the  performance  of  the  predictors  using  ﬁve-fold  cross-validation.  We
have  launched  our  system,  as  an open  source  freeware  tool  on  the  GitHub  repository  (https://doi.org/10.
5281/zenodo.61513).
© 2016  The  Authors.  Published  by Elsevier  Ltd.  This  is an  open  access  article  under  the  CC  BY-NC-ND
license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).. Introduction
Interactions between sugar chains and proteins play essential
oles in biological processes such as intercellular communication,
mmunity, and cellular recognition. The methods to empirically
nalyze such interactions include hemagglutination assays, which
re employed in the discovery of novel lectins. In recent years,
ethods utilizing glycan arrays have been developed as high-
hroughput solutions, enabling researchers to obtain data on in vitro
nteractions between multiple sugar chains and proteins (Porter
t al., 2010; Blixt et al., 2004; Gabius et al., 2011). Nevertheless, the
ioinformatics-based prediction approaches can further reduce the
ime and effort involved in predicting such interactions, providing
aluable clues for experimental work. Conventional methods are
seful in determining protein–sugar chain interactions or iden-
ifying sugar chain recognition sequences. However, they cannot
∗ Corresponding author.
E-mail address: shimizu@bi.a.u-tokyo.ac.jp (K. Shimizu).
ttp://dx.doi.org/10.1016/j.compbiolchem.2016.10.009
476-9271/© 2016 The Authors. Published by Elsevier Ltd. This is an open access article 
/).provide information on the binding residues in proteins. Meth-
ods such as X-ray crystallography and nuclear magnetic resonance
have primarily been used to identify these binding residues. How-
ever, such techniques pose numerous challenges because they are
generally cost- and labor-intensive, Moreover, the high motility of
sugar chains renders the determination of their tertiary structures
difﬁcult (DeMarco and Woods, 2008). As partial solutions to such
challenges, bioinformatics-based techniques have been attracting
attention.
Docking simulation is a prediction method for sugar-binding
residues based on their tertiary structures. To implement this
method, many protein–ligand docking programs (Morris et al.,
2009; Jones et al., 1995, 1997; Biesiada et al., 2011; Forli et al., 2016;
Grinter et al., 2014) and molecular simulations are often employed.
In a previous study involving sugar chain-binding residues, the
heparin-binding residues have been predicted in an interleukin
on the basis of its protein structure (DeMarco and Woods, 2008).
The candidate residues were narrowed down via repeated docking
with heparin monosaccharides and disaccharides. Then, the hep-
arin hexasaccharides were docked to the remaining candidates to
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.
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redict the heparin-binding residues in the interleukin. Another
tudy has used machine learning to predict glucose-binding
esidues from tertiary structure of proteins. It has employed a
earning model with a support vector machine (SVM), which
sed the occurrence rates of atoms appearing in the proximity
f glucose-binding residues as the feature values (McDonald and
hornton, 1994). Tsai et al. (2012) developed a sugar-binding site
rediction method based on three-dimensional probability density
aps, representing the distributions of 36 non-covalent interact-
ng atom types around protein surfaces. The method reported by
hao et al. (2014) uses a structural alignment program, SPalign and
inding afﬁnity scores, according to a knowledge-based potential.
All of these methods rely on the tertiary structure of the target
rotein for the prediction of the binding residues, thus requiring the
etermination of the protein structure. The amino acid sequence of
 protein is much easier to obtain than its tertiary structure. Thus, it
s preferable for the high-throughput experiments such as genome-
ide and glycan arrays analyses.
Some attempts have been made to build software applica-
ions capable of learning such features so that they can predict
ugar-binding residues only from amino acid sequences. Malik
t al. have developed a machine learning-based method using neu-
al networks. They have constructed a prediction program using
he position-speciﬁc scoring matrices (PSSMs) derived from the
esidue frequency and multiple alignments of 40 sugar-binding
roteins and 18 galactose-binding proteins as the feature values.
he performance of the program has been evaluated by leave-one-
ut cross-validation (CV) (Malik and Ahmad, 2007). Their results
how that the prediction program performs more effectively when
pplied to a dataset of galactose-binding proteins than that when
earning using to all sugar-binding proteins. Nassif et al. (2009) also
eveloped a glucose-binding site prediction method. This method
ses spatial features of binding pockets and amino acid and chem-
cal features such as charge, polarity, mobility, and hydrophobicity
s determinant features of a binding site. Recently, a mannose-
inding site prediction program has been developed; it uses the
omposition proﬁle of patterns as sequence features (Agarwal et al.,
011).
Fig. 1. Construction of the dat and Chemistry 66 (2017) 36–43 37
In this present study, we attempted a high-performance pre-
diction by grouping the sugar-binding proteins depending on the
characteristics of their binding residues and designing a predictor
dedicated to each group. We analyzed the characteristics of the
binding residues by clustering the sugars according to the residue
composition at the binding sites, and thereby classiﬁed the sug-
ars into different classes. Individual predictors for each sugar class
made the learning of the propensities of the binding residues more
effective. This, in turn, resulted in improved prediction perfor-
mance of the predictor. Furthermore, our method uses only the
amino acid sequences for prediction. SVM was employed because
it is one of the representative techniques for the classiﬁcation of
the data into two  categories with high generalization ability. SVM
takes as input PSSMs around a target residue as feature values. It
can improve the prediction capability further by extensive incor-
poration of the nature of homologous proteins coupled with sugar
class-speciﬁc learning.
2. Materials and methods
2.1. Search for sugar-binding proteins in the protein data bank
database
We targeted the sugars that frequently occur in vivo, namely
aldoses and ketoses, and their derivatives in which the hydroxy
group is oxidized or substituted with a methyl group, sulfonic
group, phosphate group, acetyl group, amine group, or acetyl amide
group. Fig. 1 illustrates the procedure for constructing the dataset
used for prediction.
With sugar-binding residues deﬁned as the residues within 4 A˚
of the sugar molecule. We performed an exhaustive search of pro-
tein data bank (PDB) for proteins with at least one sugar-binding
residues. This study focused on noncovalent interactions between
sugars and proteins and not on glycosylation sites at which sugars
are covalently bonded with proteins. Therefore, the residues within
the 1.5 A˚ distance from a sugar molecule, as well as the residues
adjacent to a covalently bonded sugar molecule, were excluded
from the search.
aset used for prediction.
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Sugars are often covalently attached not only to proteins but
lso to other types of compounds. Although PDB contains data on
arious glycolipids formed by binding between sugars and lipids,
hese were also excluded. Here lipids were deﬁned as compounds
egistered in the Lipid Maps (Sud et al., 2007), a database of lipid
ubstances. Furthermore, saccharides that are used as cryopro-
ectants, surfactants, and additives to facilitate crystallization (Shi
t al., 1997) were excluded because they do not engage in in vivo
nteractions with sugars.
.2. Clustering of sugar-binding residues
The basic approach of our study was to improve the prediction
ccuracy by classifying the sugars into groups and designing the
redictors dedicated to each group. To obtain an effective clas-
iﬁcation, we ﬁrst performed cluster analysis on the basis of the
ccurrence frequency of residues at the sugar-binding sites. In the
DB database, we targeted sugars bound to the proteins with 100
r more residues. The group average method was employed as the
lustering procedure.
.3. Elimination of redundancy
To reduce the redundancy of the sequences, the proteins with
 sequence similarity of 30% or above in the range exceeding 50%
lignment coverage were also excluded using BLASTClust (Altschul
t al., 1997). As a result of this process, 369 sugar-binding proteins,
36 acidic sugar-binding proteins, and 270 nonacidic sugar-binding
roteins were selected. (37 proteins had both acidic and nonacidic
ugar-binding residues).
.4. Prediction method for interacting residues
On the basis of the protein sequence information, we performed
 search on homologous sequences using the position-speciﬁc iter-
tive basic local alignment search tool (PSI-BLAST) (Altschul et al.,
997) in the nonredundant database of NCBI, thereby collecting
omologous sequences. In this PSI-BLAST search, number of itera-
ions was two, and the E-value threshold of sequence selection for
roﬁle creation was 0.001.
We  developed a system predicting the sugar-binding residues
f proteins on the basis of their amino acid sequences, using sup-
ort vector machine (SVM) (Cortes and Vapnik, 1995). An SVM
earns a predictive model from the training data using the principle
f margin maximization. It owes its high generalization capabil-
ty to this learning approach. To predict the interacting residues, a
SSM of sugar-binding sites and their sequence-neighbor residues
s constructed based on the multiple alignment of the sugar-binding
roteins. We  extracted w consecutive column vectors (correspond-
ng to w consecutive residues in sequences) from PSSM and used
hem as (20 × w)-dimensional feature vectors in SVM. Using these
eature values, SVM predicted whether the central residues were
he sugar-binding residues. The value of w is determined by the
arameter optimization procedure described in Section 2.5.
SVM was given the data of the sugar-binding residues as a
ositive dataset from Table S1 for learning. We  used the data of all
he residues that were 5–25 residues away from the sugar-binding
ites in the proteins as a negative dataset rather than randomly
elected protein residues. There were two reasons for using this
egative dataset. One was to discriminate between the sugar-
inding residues from nonsugar-binding residues in a protein.
he other reason was that, since the adjacent residues tended to
ave somewhat similar feature values, giving residues adjacent
o binding residues as the negative examples might teach the
achine to impose penalties on the feature values resembling the and Chemistry 66 (2017) 36–43
positive examples. For the evaluation of the predictor performance,
all residues in the protein sequences were used as the test set.
We constructed three types of predictors using three types
of training datasets, a sugar-binding residue predictor using the
sugar-binding proteins, a acidic sugar-binding residue predic-
tor using the acidic sugar-binding proteins, and a nonacidic
sugar-binding residue predictor using the nonacidic sugar-binding
proteins. Besides, we constructed a combination predictor by com-
bining the acidic and nonacidic sugar-binding residue predictors.
While the SVM-based predictor outputs decision values as discrim-
inant function values, the combination predictor is composed of
the linear combination of discriminant functions output by the two
prediction devices. We  constructed new predictors using the linear
combination of prediction devices for acidic and nonacidic sugars
as expressed in the following equation:
fnew (x) = p × facid (x) + q × fnonacid (x) (1)
For each data x, facid (x) and fnonacid (x) represent a discrimi-
nant function of the acidic and nonacidic sugar-binding predictors,
respectively. A new discriminant function fnew was deﬁned by
weighing these functions with the parameters p and q. The dis-
criminant function f is deﬁned as
f (x) = sgn
(
l∑
i=1
˛iyiK(xi, x) + b
)
(2)
such that yi = f(xi) given N data samples and l is the number of train-
ing records, yi ∈ {−1, +1} is the label associated with the training
data, b is a constant, xi is the support vectors, and K is the kernel
function used to transform the data points.
2.5. Evaluation method
To ensure an unbiased parameter selection, we employed a
nested CV method. The nested CV can guarantee unbiased evalu-
ation of generalization capabilities by selecting model parameters
in a cross-validating manner. In the nested CV, the dataset was ﬁrst
divided into k subsets, with one used as the test set and the oth-
ers as the training set, as is the case with CV. In this training set,
the parameters were determined so that the predictor performance
to be evaluated by CV would be maximized. Thus, we obtained
the optimal values of the parameters based on the grid search:
w = 5, C = −3 and  = −10. (C and  are parameters for a nonlinear
SVM with a Gaussian radial basis function kernel.) For the param-
eters of the discriminant function in Eq. (1), we  ﬁxed the value of
parameter p as 1 and obtained the optimal value −0.96 of param-
eter q based on the grid search. Using the selected parameters, we
constructed the predictors through the learning of the entire train-
ing set. The completed model was then subjected to performance
evaluation on the basis of the prediction of the test set. This proce-
dure was  repeated until all subsets were used as test sets, and the
results were averaged to evaluate the predictor performance.
3. Results
3.1. Characteristics of the interacting sites
3.1.1. Clustering of sugars according to the composition of the
residues in the binding sites
Fig. 2 A portrays a tree diagram showing the results of hierar-
chical clustering. The sugars were roughly divided into two groups:
with and without the acidic functional group.
Although the sugars with an acidic functional group have var-
ious functions, their common feature is a basic residue at the
binding site. Sialic acid, for example, is a generic term for the
M.  Banno et al. / Computational Biology and Chemistry 66 (2017) 36–43 39
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dig. 2. Hierarchical clustering by residue occurrence frequency of sugar-binding re
cidic  sugars. (C) Examples of nonacidic sugars.
euraminic acid (i.e., monosaccharide formed by aldose condensa-
ion of pyruvic acid and d-mannosamine) derivatives with amino
r hydroxyl substituents. The sialic acids play important roles
n cellular recognition. The proteins that bind sialic acid include
ialic acid-binding immunoglobulin-type lectins (Siglecs), a sub-
et of the I-type lectins. Arginine is a crucial for the recognition
f sialic acid by Siglecs (Crocker et al., 2007). Glycosaminoglycans
re polysaccharide chains consisting of disaccharide units of an
ronic acid (monosaccharide with a carboxyl group) and an amino
ugar (monosaccharide with an amino group), and many sulfuric
cid molecules are covalently attached to their hydroxyl groups via
ster bonds. The surface of a glycosaminoglycan has a strong neg-
tive charge, and arginine, lysine, and occasionally histidine form
onic bonds at the binding residues (Gandhi and Mancera, 2008).
n contrast, the CH/ interactions between the CH group and aro-
atic ring are crucial in common interactions between sugars and
roteins (Gabius et al., 2011).
The saccharides were divided into two classes depending on the
rimary mode of their interactions with a ligand, that is, ionic inter-
ction or nonionic interaction. This property was  reﬂected by the
ifferences in amino acid content of the binding proteins. Take this
nto account, we constructed the individual binding residue pre-
ictors for sugars with and without an acidic functional group and
nalyzed the differences in their properties. Fig. 2B and C show
ome examples of the classiﬁed monosaccharides, And also, Table 1
escribes the detailed information of 40 sugars in Fig. 2.s. (A) Hierarchical clustering based on the group average method. (B) Examples of
3.1.2. Residue occurrence frequency of sugar-binding sites
We calculated the occurrence probability for each type of amino
acid in sugar-binding sites and in the whole sequences of the sugar-
binding proteins (Fig. 3).
Fig. 3A shows the base-2 logarithm of the odds ratios of
sugar-binding residues to all the protein residues calculated for
all the sugar-binding proteins, acidic sugar-binding proteins, and
nonacidic sugar-binding proteins.
In every cluster, polar aromatic amino acids such as tryptophan,
tyrosine, and histidine as well as arginine played important roles. In
the acidic sugar cluster, arginine had a particularly high odds ratio,
and polar residues such as lysine, glycine, and serine displayed com-
paratively higher ratios than that in the nonacidic sugar cluster. In
contrast, the odds ratio of tryptophan was particularly high in the
nonacidic sugar cluster, and the odds ratios of polar residues with
an amide, such as glutamine and asparagine, were higher than in
the acidic sugar cluster.
It is well established that sugar affects a CH/ interaction
with an aromatic ring while binding to a protein. This probably
explains why the aromatic residues accounted for a large propor-
tion of amino acids in the binding sites. While acidic sugars interact
strongly with basic residues such as arginine and lysine, their inter-
action with acidic residues such as asparagine and glutamine are
weaker.
Fig. 3B presents the base-2 logarithm of the odds ratios of
sugar-binding residues to the protein surface residues calculated
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Fig. 3. Log odds ratios of occurrence of sugar chain-binding residues, the amino acids are listed in order from the lowest Kyte–Doolittle hydropathy index score. Subﬁgure
(C)  represents the occurrence ratios of residues that formed a hydrogen bond with the protein side chain. The occurrence ratios of residues that formed a hydrogen bond
w  ratios
o ugar c
f
a
o
w
d
i
a
p
l
rith  the main chain are plotted (main-chain) on the right-hands side. (A) Log odds
f  sugar chain-binding residues among the surface residues. (C) Log odds ratios of s
or all the sugar-binding proteins, acidic sugar-binding proteins,
nd nonacidic sugar-binding proteins. In comparison with the case
f all residues, the proportion of hydrophobic residues was  high,
hereas the occurrence ratio of polar residues was  low. This ten-
ency was particularly prominent for phenylalanine and cysteine
n the nonacidic cluster.
Phenylalanine is a nonpolar aromatic amino acid, and it can
ffect into a CH/ interaction with sugar. The relative scarcity of
henylalanine residues exposed on the surface suggests that a
arge proportion of these molecules were functioning as binding
esidues. of sugar chain-binding residues among all amino acid residues. (B) Log odds ratios
hain-binding residues among hydrogen bond acceptors.
Cysteine stabilizes the protein folding by forming disulﬁde
bonds. In OS-9 (PDB: 3AIH), a human-derived P-type lectin,
the cysteine residues in the binding sites are strongly con-
served among the proteins with the same domain. Although
disulﬁde bonds are not directly involved in sugar-binding, their
formation might contribute to the establishment of binding
domains (Satoh et al., 2010). Cysteine also forms coordinate
bonds with metallic ligands. In the glucose 1-dehydrogenase
(PDB: 2CDB), cysteine is involved in the catalytic reaction by
forming a coordinate bond with a Zn2+ ion (Milburn et al.,
2006).
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Table  1
Names of sugars used in clustering analysis in Fig. 2.
Ligand id Ligand name
BG6 Beta-d-Glucose-6-phosphate
PRP Alpha-phosphoribosylpyrophosphoric acid
ADA Alpha-d-galactopyranuronic acid
IDS  2-O-sulfo-alpha-l-idopyranuronic acid
SGN N,O6-disulfo-glucosamine
G1P Alpha-d-glucose-1-phosphate
16G N-acetyl-d-glucosamine-6-phosphate
G6P Alpha-d-glucose-6-phosphate
R1P Ribose-1-phosphate
F6P Fructose-6-phosphate
FBP Beta-fructose-1,6-diphosphate
GCU d-Glucuronic acid
SIA O-sialic acid
BDP Beta-d-glucopyranuronic acid
KDO 3-Deoxy-d-manno-oct-2-ulosonic acid
M6P  Alpha-d-mannose-6-phosphate
NAA N-acetyl-d-allosamine
RAM Alpha-l-rhamnose
ARA Alpha-l-arabinose
NAG N-acetyl-d-glucosamine
NDG 2-(Acetylamino)-2-deoxy-A-d-glucopyranose
BMA  Beta-d-mannose
XYP Beta-d-xylopyranose
XYS Xylopyranose
AHR Alpha-l-arabinofuranose
FUL Beta-l-fucose
GCS d-Glucosamine
SGC 4-Deoxy-4-thio-beta-d-glucopyranose
GDL 2-Acetamido-2-deoxy-d-glucono-1,5-lactone
RIP Ribose(pyranose form)
A2G N-Acetyl-2-deoxy-2-amino-galactose
MAN  Alpha-d-mannose
RIB Ribose
FUC Alpha-l-fucose
FRU Fructose
GLC Alpha-d-glucose
GLA Alpha d-galactose
NGA N-Acetyl-d-galactosamine
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Table 2
Performance of four sugar-binding residue predictors for sugar-binding proteins.
SVM sugar predictors Sens.a (%) Spec.b (%) AUC  MCC
All sugarsc 34.1 92.3 0.754 0.178
Acidic sugarsd 30.1 93.9 0.738 0.169
Nonacidic sugarse 38.5 90.4 0.749 0.169
Combination sugarsf 31.6 94.1 0.760 0.185
a Sensitivity.
b Speciﬁcity.
c Sugar-binding residue predictor.
d Acidic sugar-binding residue predictor.
e Nonacidic sugar-binding residue predictor.
f Combination predictor.BGC Beta-d-glucose
GAL Beta-d-galactose
Fig. 3C shows the base-2 logarithm of the odds ratio of the
rotein side chains being the binding loci of the hydrogen bond
cceptors for the sugar-binding proteins, acidic sugar-binding pro-
eins, and nonacidic sugar-binding proteins. A similar analysis with
ydrogen bond acceptors revealed that the number was  very small,
nd all the hydrogen bonds were formed in the main protein chains.
n comparison with Fig. 3B, the difference between the two  clus-
ers was notable; serine, lysine, and arginine accounted for larger
roportions in the acidic sugar cluster, whereas tryptophan, his-
idine, asparagine, and glutamine were more predominant in the
onacidic sugar cluster.
These results indicated that amino acids such as lysine, arginine,
nd serine form hydrogen bonds with acidic sugars. In contrast,
ydrogen bonds with asparagine, glutamine, and polar aromatic
esidues were less likely to occur in the acidic sugar-binding pro-
eins than in the proteins binding the nonacidic sugars.
.2. Performance of sugar-binding residue predictors
We  evaluated three predictors, the sugar-binding residue pre-
ictor, acidic sugar-binding site predictor, and the nonacidic
ugar-binding site predictor with the divided testing dataset using
ve-fold CV, and wherein the parameters were optimized to give
he best prediction performance for each sugar cluster..2.1. Performance evaluation of sugar-binding residue predictors
We evaluated the performance of each predictor using all
esidues of sugar-binding proteins as the test set. Table 2 listsFig. 4. Receiver–operator characteristic curves of four sugar-binding residue pre-
dictors for sugar-binding proteins. (For interpretation of the references to color in
this ﬁgure legend, the reader is referred to the web version of this article.)
the sugar-binding site prediction capabilities of each predictor
model. Fig. 4 shows the receiver–operator characteristic (ROC)
curves drawn on the basis of the evaluation results. An ROC curve
is a graphical plot of the false positive rate (ratio of nonbind-
ing residues falsely predicted as positive, hereafter referred to as
FPR) on the x-axis, and the true positive rate (ratio of binding
residues correctly predicted as positive, TPR) on the y-axis. The
higher the curve is, the better the evaluated predictor is. In this ﬁg-
ure, the curves for the combination (green), nonacidic sugar (red),
acidic sugar (blue), and all sugar (orange) show the results for the
combination predictor, nonacidic sugar-binding residue predictor,
acidic sugar residue predictor, and sugar-binding residue predictor,
respectively.
As shown in Table 2, the combination model exhibited the
largest values for both Matthew’s correlation coefﬁcient (MCC)
score and area under the ROC curve (AUC). AUC is calculated by
factoring in the entire ROC curve, and MCC  is a local index of per-
formance determined when a certain threshold is selected. As can
be seen in Fig. 4, this model was particularly effective in the low
FPR range in comparison with all the other predictor models. Given
this high performance in the low FPR range, the combination model
can be regarded as an effective model for the predictions of sugar-
binding.
3.2.2. Performance evaluation of acidic sugar-binding residue
predictionTable 3 lists the acidic sugar-binding residue prediction capa-
bilities of each predictor model, and Fig. 5 shows the ROC curves
drawn on the basis of the evaluation results. As shown in Table 3,
sugar-binding residue predictor trained with the dataset of acidic
42 M.  Banno et al. / Computational Biology and Chemistry 66 (2017) 36–43
Table 3
Performance of four sugar-binding residue predictors for acidic sugar-binding
proteins.
SVM sugar predictor Sens.a (%) Spec.b (%) AUC MCC
All sugarsc 30.0 95.1 0.783 0.200
Acidic sugarsd 39.4 93.5 0.787 0.221
Nonacidic sugarse 34.0 92.6 0.752 0.163
Combination sugarsf 29.7 95.8 0.784 0.193
a Sensitivity.
b Speciﬁcity.
c Sugar-binding residue predictor.
d Acidic sugar-binding residue predictor.
e Nonacidic sugar-binding residue predictor.
f Combination predictor.
Fig. 5. Receiver–operator characteristic curves of four sugar-binding residue pre-
dictors for acidic sugar-binding proteins.
Table 4
Performance of four sugar-binding residue predictors for nonacidic sugar-binding
proteins.
SVM sugar predictor Sens.a (%) Spec.b (%) AUC MCC
All sugarsc 30.0 95.1 0.783 0.200
Acidic sugarsd 39.4 93.5 0.787 0.221
Nonacidic sugarse 34.0 92.6 0.752 0.163
Combination sugarsf 29.7 95.8 0.784 0.193
a Sensitivity.
b Speciﬁcity.
c Sugar-binding residue predictor.
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Fig. 6. Receiver–operator characteristic curves of four sugar-binding residue pre-
dictors for nonacidic sugar-binding proteins.
Table 5
Summary of sugar-binding residue predictions.
Test dataset/best predictor Sens.a (%) Spec.b (%) AUC MCC
All SBPsc/combination 31.6 94.1 0.760 0.185
Acidic SBPsc/acidic 39.4 93.5 0.787 0.221
Nonacidic SBPsc/combination 28.7 95.1 0.752 0.178
ad Acidic sugar-binding residue predictor.
e Nonacidic sugar-binding residue predictor.
f Combination predictor.
ugar-binding proteins (acidic sugar dataset) exhibited the largest
alues of both AUC and MCC. In particular, in comparison with
he combination model and the sugar-binding model, a signiﬁ-
ant difference between MCC  values was observed, whereas there
as no substantial difference between the AUCs. Although the per-
ormance of the acidic sugar predictor model was  lower than the
erformance of other models in the high FPR ranges, it was  higher
n the lower FPR ranges. Over the entire ROC range, this resulted in a
igniﬁcant difference between MCCs despite the lack of substantial
ifference between AUCs in the performance evaluation.
.2.3. Performance evaluation of nonacidic sugar-binding residue
rediction
Table 4 lists the nonacidic sugar-binding residue predic-
ion capabilities of each predictor model, and Fig. 6 shows the
OC curves drawn on the basis of the evaluation results. TheSensitivity.
b Speciﬁcity.
c SBPs: sugar-binding proteins.
combination model exhibited the largest values for both AUC and
MCC. As can be seen in Fig. 6, this model was  particularly effective
in the FPR range lower than 0.1 in comparison with the other
predictor models. In the range above that value, the combination
model and the nonacidic sugar-binding protein-based predictor
model were almost the most effective; the predictor trained with
the unclassiﬁed dataset was  less effective.
3.2.4. Summary of sugar-binding residue predictions
Table 5 summarizes the prediction results for the three datasets
using the three predictors. The combination predictor yielded the
best performance for the sugar-binding proteins and nonacidic
sugar-binding proteins as test datasets. Acidic sugar-binding
residue predictor achieved the best performance for acidic sugar-
binding proteins as a test dataset. This was  probably because the
parameters selected were biased toward a large number of the
nonacidic sugars (accounting for over 70% of the entire dataset),
which in turn degraded the prediction capabilities for a small
number of prediction for acidic sugar binding residue. The predic-
tion tendency of both the sugar-binding residue predictor and the
combination predictor was  similar to that of the nonacidic sugar-
binding residue predictor.
In practice, the combination predictor would be the most use-
ful when the target sugars are unknown. If it were apparent in
advance that the target sugars possessed an acidic functional group,
it would be preferable to employ the acidic sugar-binding residue
predictor.
4. ConclusionsUsing cluster analysis, we found that the amino acid composi-
tions at the binding sites differed for the acidic sugars and nonacidic
sugars. While a high proportion of basic residues were found in the
binding sites for the acidic sugars, the acidic residues glutamine
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nd asparagine were relatively scarce. However, among the bind-
ng residues for the nonacidic sugars, the proportions of glutamine,
sparagine, and glutamic and aspartic acids were high, and the basic
esidue, lysine, was relatively scarce. We  believe that this difference
as responsible for dividing the saccharides into two clusters.
Considering these results, we attempted to construct an indi-
idual predictor for acidic and nonacidic sugar-binding residues
nd succeeded in improving the prediction capabilities. The com-
ination predictor, incorporating a linear combination of the
rediction devices for acidic and nonacidic, sugar-binding, showed
he best performance in the prediction of sugar-binding residues
nd nonacidic sugar-binding residues. This result showed the
ffectiveness of our method of individual learning according to
he properties of sugar-binding residues. Our individual learn-
ng approach is particularly effective when the difference in the
equence features between the groups is large. Although the perfor-
ance of our method does not seem to be sufﬁcient, we successfully
howed an improvement in performance using the individual
earning approach.
We  also developed a method to predict whether a given
rotein is sugar-binding. We  built the work-ﬂow system com-
ining the predictor of sugar-binding protein and sugar-binding
esidue, and launched this system on the Web. The predictors
ould be found and used on the Galaxy pipeline (Blankenberg
t al., 2010) with high ﬂexibility. Today we presented this prod-
ct as an open source freeware system on the GitHub repository
ia document object identiﬁer of Zenodo (https://doi.org/10.5281/
enodo.61513). Thus, the predictor performance of the sugar-
inding residue was obtained on the sugar-binding proteins, highly
ccurate predictions can be achieved using this system. The sugar-
inding residue prediction is solely based on amino acid sequences;
t is fast enough to be applied to genome-wide predictions.
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